Abstract-Residential solar photovoltaic (PV) energy is becoming an increasingly important part of the world's renewable energy. A residential solar PV array is usually connected to the distribution grid through a single-phase inverter. Control of the single-phase PV system should maximize the power output from the PV array while ensuring overall system performance, safety, reliability, and controllability for interface with the electricity grid. This paper has two main objectives. The first objective is to develop an artificial neural network (ANN) vector control strategy for an LCL-filter based single-phase solar inverter. The ANN controller is trained to implement optimal control, based on approximate dynamic programming. The second objective is to evaluate the performance of the ANN-based solar PV system by simulating the PV system behavior for grid integration and maximum power extraction from solar PV array in a realistic residential PV application and building an experimental solar PV system for hardware validation. The results demonstrate that a residential PV system using the ANN control outperforms the PV system using the conventional standard vector control method and proportional resonant control method in both simulation and hardware implementation. This is also true in the presence of noise, disturbance, distortion, and nonideal conditions. Index Terms-Artificial neural networks, DC-AC power converters, DC-DC power converters, dynamic programming, maximum power point tracker, optimal control, solar power generation.
I. INTRODUCTION
T HE global market for grid-connected residential solar photovoltaic (PV) installations is anticipated to keep growing to reach more than 900 MW in 2018 [1] . A grid-connected residential solar PV system normally consists two parts: 1) a PV array that generates electricity from solar irradiance and 2) power electronic converters for energy extraction and grid X. Fu is with the Department of Electrical Engineering and Computer Science, Texas A&M University-Kingsville, Kingsville, TX 78363 USA (e-mail: xingang.fu@tamuk.edu).
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integration [2] , [3] . A PV array is built by certain series and parallel connection of many solar cells together [3] . There are two major issues concerning a solar PV system: maximum power extraction from a PV array and efficient and stable grid integration.
The power generated from a PV array generally relies on the temperature and solar irradiance level [3] . For each solar irradiance and temperature condition, a unique point, called maximum power point (MPP), can be found from the P-V curve, at which the PV array produces its maximum possible output power [2] . The location of the MPP can be located by applying a maximum power point tracking (MPPT) algorithm, which can be achieved by controlling the DC-DC converter connected to the PV array. The primary requirements for control of a solar PV system by using an MPPT algorithm include the abilities to: 1) locate an MPP quickly and accurately, 2) maintain the same MPP of a PV system when weather condition remains unchanged, and 3) track a correct MPP under fast changing irradiance conditions.
To integrate a residential solar PV systems into the grid, a single-phase DC-AC inverter is commonly introduced and a control strategy for the single-phase inverter needs to be applied to guarantee the stability of the whole system. The inverter must maintain a stable DC-link voltage in order to assure efficient and reliable MPPT operation, which is a challenging task especially under fast changing weather conditions. Among all existing technologies, vector control is usually used to control a three-phase solar inverter [4] , [5] , [6] . However, to applying vector control to a single-phase inverter, an imaginary circuit needs to be created [7] , which has caused challenges to ensure high performance of vector control in residential solar PV applications, including low reliability under variable PV power generation condition and high harmonic distortion. At present, the dominate control strategies for a single-phase inverter are proportional resonant (PR) control [8] and sliding mode control (SMC) [9] based upon hysteresis switching mechanisms. Compared to vector control, both require a high sampling frequency (e.g., 10s or 100s kHz) and switching frequency (e.g., 10s or 100s kHz), which would cause more energy loss, larger size of heat sink, and more expensive inverter systems.
Another requirement for the grid integration is to mitigate current harmonics injected into the grid from the PV system in order to prevent the malfunction of grid-connected sensitive apparatuses. Hence, a PV system needs to be connected to the grid via a low-pass filter. The common filter topologies consist of L, LC, and LCL filters [10] . Compared to L and LC filters, the LCL filter has the best current ripple attenuation ability even with small inductance values. Thus, a low switching frequency can be used by an inverter with a LCL filter [11] . However, control of a LCL filter based single-phase inverter is more difficult, such as instability of the controller due to the zero impedance of the filter at its resonance frequency [12] , which requires an active or passive damping technique to overcome the challenge. But, an active damping method is sensitive to parameter uncertainties while a passive damping technique causes a decrease in the overall system efficiency because of the associated power losses [13] .
The issues for the PV grid integration have increasingly been reported by power and energy industries recently. For example, it was indicated in [14] that a large number of trips associated with solar inverters have been identified during the panel of "Protection Design for Smart Distribution" at 2015 IEEE Power & Energy Society General Meeting.
This paper investigates an artificial neural network (ANN) control strategy based on approximate dynamic programming (ADP) for optimal control and grid integration of residential solar PV systems. The combination of network weights and hyperbolic activation functions allows the ADP-ANN to be able to combine the advantages of proportional-integral (PI), PR, SMC, and optimal control strategies together, making the ADP-ANN control more competitive and powerful than other control methods.
Recently, fuzzy and ANN control has been used in solar PV applications. In [15] , [16] , a fuzzy ANN control strategy is developed for MPPT control. In [17] , [18] , [19] , fuzzy ANN control are developed for control of an L-filter based 3-phase solar inverter. However, none of the previous ANN control techniques is developed to achieve optimal control based on ADP. In [20] , an ANN vector control technology is developed for control of a single-phase Static Synchronous Compensator (STATCOM). However, applying ANN vector control to solar PV applications is much more complicated because the inverter control needs to be integrated with MPPT especially when considering variability of solar energy under fast changing weather conditions. The purpose of this paper is to investigate how to realize ADP-ANN vector control technology for a residential solar PV system, how the ADP-ANN technology benefits the energy extraction from a PV array and the integration of the PV array to the grid, and how the ADP-ANN technology is compared with conventional methods for grid integration and control of residential PV systems. The primary contributions of the paper include an ADP-ANN based control method for LCL-filter based single-phase PV systems and combination of MPPT and ADP-ANN control techniques for solar energy extraction and grid integration. The paper investigates the ADP-ANN based residential PV system in terms of energy capture efficiency, DC-link voltage stability, adaptivity, power conversion efficiency, power quality, etc.
The paper is organized as follows. Section II presents basic components and MPPT of a residential solar PV system. Section III gives conventional control methods for residential solar inverters. Section IV shows a novel ADP-ANN based control method for grid integration of solar PVs. Section V presents the integration of MPPT and solar inverter control for a typical residential PV system. Sections VI and VII give simulation and hardware experiment evaluation, analysis, and validation. Finally, the paper concludes with the summary of the main points.
II. RESIDENTIAL PHOTOVOLTAIC SYSTEM
A residential solar PV system usually includes five parts ( Fig. 1) : an array of PV panels, a DC-DC converter for energy capture from the PV array, a single-phase inverter for grid integration, a DC-link capacitor between the inverter and DC-DC converter, and an integrated control unit [21] , [22] .
A. Photovoltaic Arrays
Solar cells are commonly series connected to form a PV panel that can provide a standard DC voltage. PV panels are connected to form an array to produce desired level of voltage and current [3] . The power that can be extracted from a PV array depends on the irradiance and temperature. In order to get maximum output power from a PV system, the MPP of the system needs to be continuously tracked, which can be achieved by controlling the DC-DC converter that connects the PV array to the DC-link capacitor.
B. MPPT Control of PV Arrays
Many MPPT techniques have been proposed for energy extraction from a PV array [15] , [23] , [24] . Among them, Incremental Conductance (IC) method is one of the most popular and widely used approaches [2] , [23] , [24] . Using the IC method, it is theoretically possible to locate the operating point at a MPP when the perturbation stops [23] , [24] .
C. Solar PV Inverter
The solar inverter converts the DC output from the DC-DC converter to AC in order for the PV array to be integrated into the grid [4] . This is typically a single-phase inverter for residential applications. The inverter is generally controlled to fulfill the following tasks: 1) stabilizing the DC-link voltage, and 2) regulating reactive power or preventing voltage fluctuation at 
D. Integrated Control Unit
The integrated control unit normally includes two sub-control units. One sub-control unit manages the MPPT operation of the PV array through controlling the DC-DC converter. The other sub-control unit is responsible for maintaining the stability of the DC-link voltage and the PCC voltage and for integrating of the PV array into the grid with a high power quality, which is achieved through controlling the DC-AC inverter. Details about the integration of the two sub-control units are shown in Section V.
III. CONVENTIONAL CONTROL METHODS OF SINGLE-PHASE SOLAR INVERTER
For better power quality, a single-phase LCL-filter based solar inverter is considered in this paper as shown in 
A. Proportional Resonant Control
PR control is primary control strategy for a single-phase PV inverter [25] . The structure of a common PR control consists of an outer-loop controller and an inner current-loop controller [26] . The outer-loop controller employs the PI controllers to control the DC-link voltage or PCC active power and PCC voltage or reactive power, respectively. Basically, the DC-link voltage or PCC active power controller generates the real component of the reference PCC phasor current while the PCC voltage or reactive power controller generates the imaginary component of the reference PCC phasor current. The real and imaginary components are then multiplied by cos(ωt) and sin(ωt), and their summation is taken as the reference PCC current for the inner current-loop PR controller. The overall PR control structure is shown by Fig. 3 , which also includes a harmonic compensator whose purpose is to attenuate high order harmonics. A challenge associated with the PR controlled LCL inverter is that the control of i g has to be achieved indirectly through the control of i inv [26] .
B. Conventional Vector Control
To implement d-q vector control for a single-phase inverter, an imaginary orthogonal circuit of the real circuit is needed. The imaginary circuit has the same circuit components as those shown in the real circuit; the AC voltage and current in the imaginary circuit have the same amplitudes as those of the real circuit but with −90°phase shift [27] . Fig. 4 shows both the real and imaginary circuits. The corresponding variables of the imaginary circuit are marked with 'im'. The real and imaginary circuits make up the α-β frame of the single-phase system, which is then transferred into the d-q frame through (1) . The relations between variables in α-β and d-q domains are:
Three equations in d-q frame can be obtained from 
where R g represents the resistance in inductor L g , R inv stands for the resistance in inductor L inv , and ω is the grid-frequency. Similar to the PR controller, the vector controller usually consists of an outer-loop controller plus an inner-loop current controller as shown in Fig. 5 . To develop the inner current controller for an LCL inverter, the conventional strategy is usually to omit the capacitor impact. Hence, (2) to (4) 
By forcing the PCC q-axis voltage equal to zero and aligning the d-axis voltage along with the grid PCC voltage which can be implemented through a PLL action [28] , [29] , the instant active and reactive powers transferred from the inverter to the AC system are proportional to grid PCC d-and q-axis currents, respectively, as shown by:
IV. NEURAL NETWORK CONTROL OF SINGLE-PHASE SOLAR INVERTER

A. Neural Network Current-Loop Vector Control
To address the decoupling inaccuracy issue associated with the conventional vector control, a novel ADP-based ANN current controller is proposed to replace the PI-based current controller as shown by The design stages of the ADP-ANN controller are analogous to the design stages of the conventional controller. Firstly, like a conventional controller, we need a dynamic model of the plant, which is eqs. (2) to (4). Secondly, a network structure needs to be specified, which is analogous to specifying a conventional controller structure. Thirdly, the ANN needs training, which is analogous to tuning a conventional controller, which is explained in Section IV-B.
Regarding the network structure, the ANN consists of four layers: an input layer, two hidden layers, and an output layer, which is shown in Fig. 6 . The input layer contains four inputs. Two of these inputs comprise the vector e dq (k), the error term, and the other two comprise s dq (k), the integral of the error term. These two terms are defined by
Note: the integral term would provide a sum of all past errors. Therefore, if there is an error in a given time step, it will add to the integral term for the next time step except if there is no error in this time step. Thus, the integral term helps to prevent the ANN controller from staying at a non-target value after the controlled system reaches its steady state unless i g dq = i * g dq . Then, these inputs are divided by their appropriate gains, and hyperbolic tangents are used on them. The outputs of the input layer feed forward to the two hidden layers of six nodes, each node with a hyperbolic tangent function. The number of hidden layers and number of nodes in each hidden layer are determined via trail and errors. Finally, the output layer translates the output of the action network into v * inv − dq (k). As the ratio of the inverter output voltage v inv − dq to the action network output v * inv − dq is the gain of the pulse-width-modulation (PWM), which is denoted as k PW M , the final control action v inv − dq outputted by the inverter is then
where w is the network weight vector, and A( e dq (k), s dq (k), w) stands for the action neural network. Since the feed-forward network shown in Fig. 6 has feedback connections through the output of the ANN, the PV inverter, the LCL filter and PCC current feedback connections back to its input, the proposed ANN controller actually is a recurrent neural network (RNN) [30] .
B. Training ADP-ANN Vector Controller
Training the ADP-ANN controller means tuning the network weights until the ANN learns to control the PV inverter for grid integration adequately based on ADP. This consists of defining a training objective first, and then developing an approach to train the network to achieve the objective.
Firstly, the training objective is to minimize a defined cost function, based on ADP so as to realize ADP-based optimal control [31] . The ADP cost function used in this paper is:
Hence, the objective is to make the actual d-q current track the d-q reference current as closely as possible.
Secondly, the weights of the action network are tuned to minimize the ADP cost function (9) by using the LevenbergMarquardt (LM) optimization method [32] . The ultimate goal of the training process is minimizing the ADP cost (9) by repeatedly adjusting the network weights until a stop criterion is reached.
The LM algorithm is a variation of gradient descent which has proven to be one of the most powerful training algorithms for neural networks [32] . For training the recurrent network shown in this paper, the gradient of (9) is computed first with respect to the weight vector ∂C/∂ − → w . In matrix form this is:
where
2 , and V is a vector containing V(1) to V(N) and J p ( − → w ) is a Jacobian matrix defined for a recurrent neural network by:
Using these definitions, the LM weight update is applied as:
where μ is a scalar regulation parameter that is dynamically adjusted during the training. As (10)- (12) show, the Jacobian matrix,J p ( − → w ), is the core for training used by the LM method. This is achieved through a forward accumulation through time (FATT) algorithm to efficiently calculate the Gauss-Newton Jacobian matrix and the gradient-descent vector, both of which are required for LM to be applied as shown by (11) and (12) . A more detailed description of the LM + FATT algorithm can be found in [33] . 
V. INTEGRATING MPPT AND ANN CONTROLS
The integration of MPPT and ANN controls has considered two PV grid integration cases: one for simulation and one for hardware experiment. The simulation case uses parameters of a PV system that are typical for a real-life residential solar PV application. The hardware experiment is based on a laboratory scale PV system, which has a smaller power rating and is mainly used for the purpose of experimental validation. The parameters of a PV panel for simulation and hardware experiment are shown in Table I . The parameters of the grid and the single-phase inverter for simulation and hardware experiment are shown in Table II .
The main considerations for integration of MPPT and ANN controls include: 1) how the integration may affect MPPT efficiency and speed, 2) how to maintain the stability of DC-link voltage under variable output power of a PV array, and 3) how to provide reliable reactive power or grid voltage regulations at the PCC in the integrated condition. Fig. 7 shows the overall system structure.
A. Maximum Power Extraction Control
This paper uses the IC MPPT approach to extract the maximum power from a PV array. The IC MPPT controller was initially tuned by considering the PV array and DC-DC converter only under a constant DC-link voltage condition. After the MPPT controller is tuned, the PV array is connected to the grid through the single-phase inverter. However, the integration may cause large oscillation of the DC-link voltage, especially under intermittent solar irradiance conditions. This may affect the MPPT efficiency and potential trip of the PV system. Thus, maintaining the stability of DC-link voltage is critical for connecting the PV system to the grid. 
B. Artificial Neural Network Control
An ADP-ANN controller must be trained before applying it to the overall PV system. For each of the simulation and experiment cases, an ADP-ANN controller was trained based on the parameters shown in Table II . The training was based upon the independent inverter structure shown by Fig. 4 instead of Fig. 7 , in which both the DC-link voltage and grid PCC voltage are considered as constant. The ANN was trained repeatedly to track a variety of reference d-q current trajectories until satisfactory and excellent tracking performance is achieved. Each training experiment starts with randomly generated network weights. Thus, each may converge to different ADP cost. Fig. 8 shows the average total ADP cost of three successful ANN training experiments. The final network weights are selected from those training experiments having the lowest ADP costs. After the network is well trained, the ANN controller for simulation or experiment case is able to track reference d-q current with minimum errors and in the optimal way according to ADP.
Note: the ANN is trained offline, and no training occurs in the real-time control stage. Besides, although it is impossible for the training current trajectories to cover all current transient conditions, such as startup and power system transient events, the trained ANN controller has strong ability to track a broad reference current trajectories that are not presented in the training data set. In both simulation and hardware experiments shown in Sections VI and VII, we have tested various startup and transient cases and the ADP-ANN controller has demonstrated great performance and robustness.
C. Integrating MPPT and ANN Controls
The integration of MPPT and ANN controllers is based on the PV system shown by Fig. 7 . The MPPT controller is responsible for extracting power from the PV array with the maximum efficiency. Depending on the irradiance levels, the extracted power could go up and down, causing the DC-link voltage to increase and decrease.
The stability of the DC-link voltage is maintained through the ANN controller. To achieve this, a PI-based DC-link voltage controller is added before the ANN current tracking controller. According to 6(a), this is achieved through the control of the PCC d-axis current. As shown by Fig. 7 , the DC-link voltage controller generates a d-axis current reference to the ANN controller based on the error signal between the measured and reference DC-link voltages.
The q-axis current tracking ability of the ANN controller is used for another control purpose. According to 6(b), this could be either reactive power control or grid voltage support control at the PCC. For reactive power control, a PI-based reactive power controller is added before the ANN current tracking controller. The reactive power controller generates a q-axis current reference to the ANN controller based on the error signal between the measured and reference PCC reactive power. For grid voltage support control at the PCC, a PI-based PCC voltage controller is used to generate a q-axis current reference to the ANN controller based on the error signal between the measured and reference PCC voltages. Certainly, the controller gains of the PCC voltage controller would be different from those of the reactive power controller. The PI gains of the DC-link voltage controller and reactive power or PCC voltage support controller were initially tuned without considering the PV array and MPPT control. Also, the ANN controllers are trained for current tracking purpose only. Thus, detailed performance evaluation of the overall integrated system is needed and important. This is discussed in Sections VI and VII, in which we found that PI gains of the DC-link voltage controller and the reactive power or PCC voltage controller usually need to be re-tuned through trial and error to achieve the best control performance regarding the stability and response speed, particularly if the ANN current controller is replaced by a conventional current controller.
The Simulink implementation of the MPPT and ANN control algorithms is also shown in Fig. 7 . Within the MPPT algorithm, dI pv /dV pv and I pv /V pv are first calculated based on PV array terminal voltage and current. Then, the summation of dI pv /dV pv + I pv /V pv is used to determine ΔD, the duty cycle correction, to update duty ratio for control of the DC-DC converter. Within the ANN control algorithm, the PCC voltage V g is used to determine the angular position of V g , which is needed for transformation of the PCC sinusoidal current to its dq representation and inverse transformation of dq control voltage to its sinusoidal representation. The outer-loop controller produces the reference dq current based on DC -link voltage and PCC reactive power. The difference between the measured and reference dq currents is used to produce the error and integral of error terms for the ANN controller. The dq control voltage generated by the ANN is converted into sinusoidal voltage for control of the DC-AC inverter.
VI. SIMULATION EVALUATION AND COMPARISON
To evaluate MPPT, DC-link voltage and grid reactive power or grid voltage support controls, an integrated transient simulation system of a residential solar PV system (Fig. 7) is developed by using SimPowerSystems, in which both steady and variable solar irradiance conditions are considered. The PV array has a series-parallel connection consisting of 2 parallel strings with each string having 8 series panels. The switching frequency is 9 kHz for the DC-DC converter. For the DC-AC inverter, the switching frequency is 7.2 kHz for the conventional and ADP-ANN vector controllers but 15 kHz for the PR controller. Note: a high switching frequency is necessary for a low total harmonic distortion (THD) using the PR control approach [8] . The sampling time is 0.1 ms. For the conventional vector control, a passive damping technique is used to prevent instability problem related to resonance by series connecting a resistor with the LCL-capacitor [13] . Fig. 9 presents a case study of the single-phase solar PV system using PR and ANN and conventional vector control approaches under a steady solar irradiation condition. The transmission line resistance is 0.077 Ω and inductance is 1mH. For PR and ANN, the LCL damping resistance R pd is not included. Initially, the controller is turned on to build up a stable DC-link voltage via the DC-AC inverter. Then the PV array is connected to the DC-DC converter having a fixed duty ratio at 0.3 sec and MPPT starts to be functional at 0.5 sec. During the simulation process, the solar irradiation is initially 700 W/m 2 and changes to 500 W/m 2 at 1.5 sec. Note: initial tracking of MPP is slow between 0.5 sec and 1.5 sec since the initial duty ratio is far away from a MPP. After a MPP is reached, tracking of MPPs is much faster since only a small adjustment is needed to track a new MPP [34] .
A. Steady Solar Irradiation
Similar MPPT performance can be observed for all the three control approaches (Fig. 9(c) ). For the ANN and PR controlled PV system, although the damping resistance R pd is not applied, the DC-link voltage is maintained at the reference voltage effectively ( Fig. 9(a) ), and the current injected into the grid has a low harmonic distortion (Fig. 9(d) and 9(e) ). For the PV system using the conventional controller without the damping resistance, the stability of the system cannot be maintained and the harmonic distortion of the AC system current is much worse than the ANN controlled one. But, if the damping resistance is added, the performance of the conventional standard vector control approach is much more improved. Clearly, more losses will be resulted due to the added resistance. Although the damping resistance is added for the conventional vector control approach, the current harmonic distortion of the PV system is still slightly worse than the PR and ANN controlled one (Figs. 9(d) and 9(e)).
In Fig. 9 , a special synchronization control strategy is not implemented. Instead, the converter is connected to the grid directly for the purpose to investigate what differences are between the three control techniques for direct connection of the PV system without a synchronization mechanism. As the ANN controller has a much faster response speed than the PR and conventional vector controllers, the PI gains of the outer control loop can be tuned much larger for the ANN controller than for the PR and conventional vector controllers, which means faster tracking speed of the DC-link or grid voltage while maintaining the stability of the system using the ANN control. Consequently, when initially connecting the solar inverter to the grid even without a synchronization control strategy, the ANN controlled PV system can be quickly connected to the grid with very small oscillation while the PR and conventional vector controlled ones show a high oscillation (Fig. 9(a) ). Similarly, when there is an increase or decrease of solar radiation causing the DC-link voltage to rise or drop, the ANN controlled one shows much lower overshoot in DC-link voltage than the other two. It is notable that since i * g d is generated from the outer PI loop which controls DC-link voltage, an overshoot is always inevitable.
B. Variable Solar Irradiation
A case study of the solar PV system using PR and ANN and conventional vector control approaches under a variable solar irradiation condition is conducted, which may represent a cloudy weather situation. The per unit solar irradiation relevant to the clear sky (1000 W/m 2 ) I rr is shown by Fig. 10 . The line resistance and inductance are the same as those used in Fig. 9 . Again, for the PR-and ANN-based PV system, the LCL damping resistance R pd is not included. As shown by Fig. 11 , using the ANN controller, the DC-link voltage oscillates slightly around the reference voltage (Fig. 11(a) ) due to the variable solar irradiation. The MPPT efficiency is not affected (Fig. 11(c)) , and the PCC current shows a low harmonic distortion ( Fig. 11(d) and 11(e)). For the solar inverter using the PR and conventional vector control (with the damping resistance) approaches, the DC-link voltage oscillates greatly as the solar irradiation level changes ( Fig. 11(a) ), which may trigger the DC voltage protection in a practical application. The MPPT performance is slightly affected. The PCC current is more severely distorted, especially for the PR controlled PV system ( Fig. 11(d) and 11(e) ).
C. Impact of Grid Line Impedance
In Sections VI-b and VI-C, a low grid line impedance is used in the PV performance study using different control strategies. However, in reality, the grid impedance may change broadly, which is particularly typical in a low voltage distribution system where a single-phase PV array is connected to. The increase of the grid line impedance would certainly cause the PCC voltage more distorted as the PV power is injected into the grid through the DC-AC inverter. Table III presents a study of the grid line impedance impact on the PV system performance using the three different control methods. The study shows that at a low grid impedance condition, the PR controlled PV system has the lowest THD and highest power quality. However, as the grid impedance increases, both the PR and conventional vector controlled PV system have much worse harmonic distortion than the ANN controlled one, especially for the PR controlled PV system. The study demonstrates that the ANN controlled PV system has a strong adaptive capability under uncertain conditions although no further tuning is involved after the ANN is trained.
VII. HARDWARE EXPERIMENT
A. Experimental Setup
To further verify the feasibility and stability of the ANNcontrolled solar PV system and compare it with the PR and conventional vector control approaches, a DSP-based, digital controlled solar PV system (Fig. 12) is implemented with the following setups. 1) An Agilent E4360A solar simulator is used to represent an actual PV array [35] which is programmed as one PV module as shown in Table I . By using the solar simulator, it is possible to repeat the same solar irradiation condition to compare and test different control algorithms through a hardware experiment that is otherwise difficult. Power of the solar simulator can be calculated based on the experiment settings so that one can determine whether a MPP is effectively captured in a hardware experiment [36] .
2) The DC-DC converter is built by using a LabVolt power converter module.
3) The DC-AC inverter is built by using another LabVolt power converter module. 4) A three-phase 120 V/208 V AC voltage source is utilized to represent the AC power grid. One phase of the power source is directly connected to the DC-AC inverter via a single-phase transformer and a LCL-filter. 5) A dSPACE DS1103 controller board is employed to collect various input signals [37] , such as current and voltage, and to generate PWM output for controlling the DC-DC and DC-AC converters.
The control algorithms for both DC-DC and DC-AC converters are built in MATLAB Simulink and then compiled and loaded as the assembly code to the DSP chip within the dSPACE DS1103 controller board. The control system of the DC-DC converter collects output voltage and current signals of the solar simulator, and generates control signals to the DC-DC converter based on the IC MPPT algorithm. The grid integration of the PV system is controlled via DC-AC inverter. The control system of the DC-AC inverter collects grid PCC voltage, PCC or inverter output current and DC-link capacitor voltage, and sends control signals to the DC-AC inverter based on the PR, ANN or conventional vector control algorithm.
B. Experimental Results
The hardware experiment results are shown in Fig. 13 . The test sequence of the experiment was scheduled as follows, with 0 sec as the starting point for data recording. Initially, the PV simulator is not connected to the DC-link, during which all the three control methods can maintain the DC-link voltage constant at 120 V. Then, after 5 sec, the PV simulator is connected to the DC-DC converter which is operated at a fixed duty ratio while the MPPT is off. The MPPT is turned on around 10 sec to locate a MPP of 180 W. For all the three control methods, the MPPT controller can track the MPP of the PV simulator quickly. But, the ANN controlled PV system shows a better tracking performance. When the MPP power of the PV simulator changes from one stable value to another every 4 sec after 15 sec, the DC-link voltage using the ANN controlled system is much more stable than the PR and conventional vector controlled ones. In terms of harmonic distortion, since the AC power source has a small amount of 3rd and 5th order voltage harmonics which cannot be completely mitigated, the experimental THD is slightly higher than the simulation result. Even so, ANN and PR control methods still give a better power quality than the conventional vector control approach (Figs. 13(d) and 13(e) ), which is consistent with the simulation evaluation shown by Fig. 9 . The success of the hardware experiment proves the possibility to implement an ANN-controlled PV system in real-life applications to enhance solar energy extraction, power quality and stability for grid integration of residential solar PV systems.
VIII. CONCLUSION
This paper proposes a single-phase, residential solar PV system based on artificial neural networks and adaptive dynamic programming for MPPT control and grid integration of a solar photovoltaic array through an LCL-filter based inverter. The proposed artificial neural network controller implements the optimal control based on the approximate dynamic programming. Both the simulation and hardware experiment results demonstrate that the solar PV system using the ADP-based artificial neural network controller has more improved performance than that using the proportional resonant or conventional standard vector control techniques, such as no requirement for damping resistance, more reliable and efficient extraction of solar power, more stable DC-link voltage, and more reliable integration with the utility grid. Using the ADP-based neural network control technique, the harmonics are significantly reduced and the system shows much stronger adaptive ability under uncertain conditions, which would greatly benefit the integration of small-scale residential solar photovoltaic systems into the grid.
